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Abstract: The price gap between West Texas Intermediate (WTI) and Brent crude oil markets has 
been completely changed in the past several years. The price of WTI was always a little larger 
than that of Brent for a long time. However, the price of WTI has been surpassed by that of Brent 
since 2011. The new market circumstances and volatility of oil price require a comprehensive 
re-estimation of risk. Therefore, this study aims to explore an integrated approach to assess the 
price risk in the two crude oil markets through the Value at Risk (VaR) model. The VaR is 
estimated by the extreme value theory (EVT) and GARCH model on the basis of Generalized 
Error Distribution (GED). The results show that EVT is a powerful approach to capture the risk in 
the oil markets. On the contrary, the traditional Variance-Covariance and Monte Carlo approaches 
tend to overestimate risk when the confidence level is 95%, but underestimate risk at the  
confidence level of 99%. The VaR of WTI returns is larger than that of Brent returns at identical 
confidence levels. Moreover, the GED-GARCH model can estimate the downside dynamic VaR 
accurately for the WTI and Brent oil returns. 
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Risk assessment of oil price from static and dynamic modelling approaches 
 
Abstract: The price gap between West Texas Intermediate (WTI) and Brent crude oil markets has 
been completely changed in the past several years. The price of WTI was always a little higher 
than that of Brent for a long time. However, the price of WTI has been surpassed by that of Brent 
since 2011. The new market circumstances and volatility of oil price require a comprehensive 
re-estimation of risk. Therefore, this study aims to explore an integrated approach to assess the 
price risk in the two crude oil markets through the Value at Risk (VaR) model. The VaR is 
estimated by the extreme value theory (EVT) and GARCH model on the basis of Generalized 
Error Distribution (GED). The results show that EVT is a powerful approach to capture the risk in 
the oil markets. On the contrary, the traditional Variance-Covariance and Monte Carlo approaches 
tend to overestimate risk when the confidence level is 95%, but underestimate risk at the  
confidence level of 99%. The VaR of WTI returns is larger than that of Brent returns at identical 
confidence levels. Moreover, the GED-GARCH model can estimate the downside dynamic VaR 
accurately for the WTI and Brent oil returns. 
Keywords: Value at risk; GED-GARCH; Extreme value theory; Risk quantification; oil markets 
JEL Classification: C13; G32; Q40 
1. Introduction 
Oil plays an important role in the production and life, so crude oil price is usually taken as an 
indicator for the world economic situation. Meanwhile, the volatility of oil price has an effect on 
socioeconomic system (Ji and Guo 2015; Cong and Shen 2013). The frequent volatility of oil 
prices lead to great extreme market risk. It has brought huge potential losses to oil market 
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stakeholders and participants (Zhang and Wei 2010). Therefore, the measurement of oil price risk 
has become one of critical issues for both academicians and oil market participants. In addition, 
the risk of oil price is differential for various participants, and both upside and downside risk exist 
in markets. Specifically, the buyers have losses when the oil price increases. On the contrary, the 
sellers occur losses if the oil price declines.  
Currently, the downside risk of oil price has aroused great concern for two reasons. First of all, 
the oil prices have decreased since 2014 (figure 1). The average spot prices of crude oil in West 
Texas Intermediate (WTI) and Brent were 97.98 and 108.56 dollars per Barrel, respectively, in 
2013. They both decreased to less than 30 dollars per Barrel in early 2016. Second, the price gap 
between WTI and Brent oil markets has been completely changed. For a long time, the oil prices 
of two markets were quite close, and the price of WTI was a little higher than that of Brent. 
However, this relationship has been completely changed since 2011 (figure 1). In other words, the 
price of WTI has been surpassed by that of Brent. 
<Figure 1 is inserted around here.> 
To date, many risk measurement techniques and models have been developed in the literature 
(Zhang and Wei 2011; Aloui and Mabrouk 2010). Value at risk (VaR), initially suggested by 
Baumol (1963), provides recapitulative and comprehensive advantages in estimating extreme risk 
in markets. We choose VaR to estimate the price risk of oil markets because it is a good measure 
of the downside risk (Boroumand and Zachmann 2012). The VaR can be divided into static and 
dynamic VaR. The former is a single real number which demonstrates market risk using the 
probability distribution of random variables. The dynamic VaR which estimates the risk with a 
series of fluctuating values demonstrates the risk characteristics over time. 
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Many methods have been developed to calculate VaR during the past several decades. However, 
two limitations exist in these methods. First of all, most of the approaches only focused on the 
static or dynamic VaR. The common methods of calculating static VaR are Variance-Covariance, 
Monte Carlo approaches, historical simulation, and RiskMetrics (Giot and Laurent 2003). The 
dynamic VaR is usually analyzed by time series methods (e.g. GARCH) (Chang 2011; Chuang et 
al. 2015). To the best of our knowledge, a few studies have estimated both static and dynamic VaR 
using an integrated model. Second, most methods use the assumption of standard normal 
distribution. However, a great deal of empirical research has demonstrated that the assumption 
fails in oil markets (Fan et al. 2008).  
Therefore, this study aims to explore an integrated approach to measure both static and dynamic 
VaR in oil markets and compare the risk characteristics in WTI and Brent. To be specific, the VaR 
is estimated by the extreme value theory (EVT) and GARCH model on the basis of Generalized 
Error Distribution (GED). The method is applied to assess the risk in the WTI and Brent oil 
markets. The rest of the paper is organized as follows. Section 2 is the literature review. Section 3 
introduces the method of calculating VaR. Section 4 shows the empirical results and discussions, 
while Section 5 provides concluding remarks. 
2. Literature review 
To date, many risk measurement techniques and models have been developed to quantify oil price 
extreme risk. VaR has become a widely used tool to estimate market risk (Parkinson and Guthrie 
2014; Ze-To 2012). Mi and Zhang (2011) employed VaR to estimate risk for the European Union 
Emissions Trading Scheme and compare its downside and upside risk. Bianconi and Yoshino 
(2014) calculated the VaR based on the GARCH model with Student's t distribution for the errors. 
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It was used to analyze sixty-four oil and gas companies in twenty-four countries. Reboredo and 
Rivera-Castro (2014a) utilized VaR to estimate the risk of gold markets for different time 
investment horizons. Silva Filho et al. (2014) applied VaR to estimate the risk in the broad stock 
market indexes from four countries, including Britain, the United States, Mexico and Brazil. 
With the development of VaR modeling techniques, some literature began to compare the 
performance of different calculating methods in risk management (Sadeghi and Shavvalpour 2006; 
Lee, Chiu, and Cheng 2010). Cabedo and Moya (2003) estimated VaR of oil price using standard 
historical simulation method, historical simulation method based on ARMA forecasts and 
variance–covariance method. They showed that historical simulation method based on ARMA 
forecasts was more flexible to estimate VaR. He et al. (2012) developed a multivariate wavelet 
denoising method to estimate the VaR in crude oil markets. The results showed that the developed 
method outperformed the DCC-GARCH approach and Exponential Weighted Moving Average 
approach. Su (2014) utilized four GARCH-based models to explore which method is more 
appropriate to estimate VaR based on the accuracy estimation. Empirical results showed that the 
SGED performed better than the normal and GED distribution for a long position. Huang (2015) 
used the threshold stochastic volatility method to assess the VaR for stock indices. The results 
showed that this method is more reliable than others.  
EVT approach has been widely used for risk estimation in many fields, such as insurance 
(McNeil 1997), finance (Ergen 2014), hydrology (Katz, Parlange, and Naveau 2002), and energy 
market (Nomikos and Pouliasis 2011). It is an appropriate method to research the behaviors in 
extreme observations. EVT is focused on the tails of one distribution, while traditional approaches 
usually concentrate on the whole distribution. It has been proved to be an appropriate method to 
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analyze the risk in the fields where the extreme values appear frequently (Fretheim and 
Kristiansen 2015).  
In this paper, we use EVT to measure the static VaR in WTI and Brent crude oil market and 
compare the results with the traditional approaches. Moreover, GED-GARCH model is used to 
estimate the dynamic VaR, because of the significant volatility clustering in the WTI and Brent 
return series. The static and dynamic VaR of oil prices are estimated in an integrated framework, 
and the risk characteristics in WTI and Brent are compared. 
3. Methodology 
3.1 Framework of EVT-GED-GARCH integrated model 
The VaR in Brent and WTI oil markets is estimated using the EVT-GED-GARCH integrated 
approach which combines EVT and GED-GARCH (figure 2). First, the static VaR is estimated by 
three methods, including EVT, Variance-Covariance, and Monte Carlo. The three methods’ 
performance in VaR estimation is assessed by the the likelihood ratio (LR) test. Second, the 
dynamic VaR is estimated by GARCH-type model based on the GED. Finally, this study compares 
the crude oil risk between the WTI and Brent markets, and estimates the upside and downside risk. 
<Figure 2 is inserted around here.> 
3.2 Definition of VaR 
Let the crude oil price on day t  be tC . The returns are defined as (Cong et al. 2008) 
  1100 ln lnt t tR C C   . (1) 
Analogously, the losses are defined as  1100 ln lnt tC C  . We use the return series and loss 
series to calculate the upside and downside VaR, respectively. This study estimates the upside VaR 
as well as downside VaR. The following methodology is used to calculate upside VaR, and 
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downside VaR can be gotten from the loss series in the same way.  
VaR is a threshold loss value for a given portfolio and time horizon at a confidence level 
(Duffie and Pan 1997). Suppose F(r) is the distribution function of oil returns and p  is the 
confidence level of VaR, then upside VaR can be defined as 
    1P ,    p pR VaR p VaR F p   . (2) 
3.3 Static VaR based on EVT 
EVT was one of methods to deal with a generalized extreme value distribution which was brought 
up by Jenkinson (Embrechts, Klüppelberg, and Mikosch 1997). Peaks over threshold approach is 
usually used to focus the largest events as well as these events which are larger than some 
threshold (McNeil and Frey 2000). In this paper,  tR  refers to the distribution function of oil 
return series, 
    P tF r R r  . (3) 
The distribution of excess values of return series which is over a given threshold u  is  
    
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The distribution (  uF y ) can be estimated by the Generalized Pareto Distribution (GPD) when 
the threshold is sufficiently large (Pickands 1975; Balkema and De Haan 1974), 
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where   and   are the shape parameter and scale parameter, respectively. Suppose y r u  , 
the estimation of tail can be gotten as 
         1F r F u G y F u   . (6) 
The empirical cumulative distribution function (CDF) is applied to estimate the  F u . 
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Suppose the exceedances’ number is N  and the sample size is n , then the distribution of CDF 
is 
  
n N
F u
n

 . (7) 
Therefore, the estimate of  F r  can be obtained as  
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where   and   are the estimates of the   and  , respectively. They are gotten from the 
estimation of Eq. (5). VaR is the p-quantile of the distribution for a given confidence level p . 
Therefore, VaR can be calculated by 
  1 1
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. (9) 
The threshold is one of key parameters in this approach. It is usually obtained via the Mean 
Excess Function. Its definition is 
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where  1   is the indicator function. If the Mean Excess Function is a straight line above the 
threshold, the data follows the Generalized Pareto Distribution (Mi and Zhang 2011). 
3.4 Dynamic VaR based on GARCH 
In this paper, GARCH model is used to estimate the dynamic VaR of oil price. It can be presented 
as (Bollerslev 1986)  
 t t tR X    , (11) 
 20
1 1
l m
t i t i j t j
i j
h h    
 
    , (12) 
where 
tR  refers to the oil price returns, and tX  refers to a vector which include independent 
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variables, and   refers to the coefficient vector.  
Traditional literature usually use estimate extreme risk under the assumption of normal 
distribution. It is not appropriate in the oil market, because the returns and losses of oil price often 
have fat tails and leptokurtic distributions. In this paper, GED is applied to assess the residual 
series of GARCH models (Nelson 1990). Its probability density function is  
  
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where 
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, k  refers to freedom degree, and     refers to gamma function  
(Fan et al. 2008). Therefore, the dynamic VaR is gotten by 
 t t p tVaR z h  , (14) 
where t  and th  refer to conditional expectation and conditional variance, respectively, and 
pz  refers to p-quantile of the Generalized Error Distribution. 
3.5 Evaluation of VaR models 
Over the last few decades, several methods have been proposed for testing the reliability of VaR 
results, such as the likelihood ratio (LR) test developed by Kupiec (1995), the Markov test 
developed by Christoffersen (1998), the duration-based test developed by Christoffersen and 
Pelletier (2004), and the multilevel test developed by Leccadito et al. (2014). This paper utilizes 
the LR test which is the most widely used approach.  
Based on the LR test developed by Kupiec (1995), the LR is defined as  
    2ln 1 2ln 1
N n Nn N NLR p p f f
       
   
, (15) 
where p  refers to the level of confidence, N  refers to the failure times, n  refers to the 
sample size, and f  refers to the failure rate. Therefore, the expected failure rate is 1 p , and 
the null hypothesis is 0 :1H p f  . 
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The LR follows 
2  distribution and its degree of freedom is one under the null hypothesis 
condition. Its critical values are 3.84 and 6.64 when the confidence level is 95% and 99%, 
respectively. If LR is smaller than the critical values, the null hypothesis is accepted, which means 
that the estimation of VaR is reliable. Otherwise, the VaR model is not reliable.  
4. Result analysis and discussions 
4.1 Data sources 
In this paper, the daily spot crude oil prices in Brent and WTI markets from May 20th 1987 to 
December 31st 2014 are used. They are obtained from the Energy Information Administration of 
America. There are 7069 daily return samples which are presented in figure 3. 
<Figure 3 is inserted around here.> 
Table 1 shows the basic statistics of price returns in Brent and WTI markets. It can be seen that 
both means and standard deviations of the two returns are in the neighborhood, and the standard 
deviation of the WTI is a little bit bigger than that of Brent. In addition, both price returns have fat 
left tail and leptokurtic distribution, because kurtoses are greater than three and the skewnesses are 
negative. The Jarque Bera (JB) test also verifies that the oil price returns do not obey the standard 
normal distribution (Reboredo and Rivera-Castro 2014b). 
<Table 1 is inserted around here.> 
4.2 Static VaR models estimation and test 
In the process of calculating the VaR based on EVT, the threshold value u is one key parameter 
which is very subjective and controversial (Marimoutou, Raggad, and Trabelsi 2009). The Mean 
Excess Function (MEF) is used to determine the threshold value. If the Mean Excess Function is a 
straight line above the threshold, the data follows the Generalized Pareto Distribution. Hence, the 
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appropriate threshold is the value above which the MEF appears approximately linear (Mi and 
Zhang 2011). 
The WTI and Brent loss series are taken as examples, and their MEF plots are shown in the 
figure 4 and figure 5, respectively. In the MEF plot of WTI loss series, the threshold value is set to 
3.0, above which e(u) appears about linear. For the same reason, the threshold of Brent loss series 
is set to 3.6. 
<Figure 4 is inserted around here.> 
<Figure 5 is inserted around here.> 
The upside and downside VaR in Brent and WTI oil price returns are obtained on the basis of 
the thresholds discussed above. Both 95% and 99% are chosen as the confidence levels. This 
paper also use the Monte Carlo (MC) and Variance-Covariance (VC) methods to estimate the VaR 
in order to compare the EVT approach and traditional methods. The results of static VaR are 
reported in table 2 and table 3, and the LR values of three methods are demonstrated in figure 6.  
<Table 2 is inserted around here.> 
<Table 3 is inserted around here.> 
<Figure 6 is inserted around here.> 
It can be obtained that the null hypotheses of EVT-VaR may be accepted, because its LR values 
are all smaller than the critical values. It reveals that the VaR on the basis of the EVT approach is 
statistically reliable for Brent and WTI markets during the sample period. On the contrary, the LR 
values of VaR using VC and MC approaches are mostly larger than the critical values, which 
reveals that traditional approaches may misestimate the VaR in WTI and Brent crude oil market. 
Therefore, EVT is a better approach to assess the VaR of oil prices in the Brent and WTI markets 
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compared to the VC and MC approaches. 
Traditional approaches tend to overestimate risk at the 95% confidence level but underestimate 
risk at the 99% confidence level for the oil price returns. Table 2 shows that the VaR based on the 
VC and MC are larger than EVT-VaR, which results in that failure rates of VC and MC 
approaches are much less than 5%. On the contrary, the VaR based on the VC and MC approaches 
are less than EVT-VaR when the confidence level is 99% (table 3). This phenomenon is caused by 
the fat tail of WTI and Brent returns.  
No matter for upside or downside, the VaR of WTI returns is larger than that of Brent returns at 
identical confidence levels (95% or 99%). It demonstrates that WTI crude oil market has more 
extreme risks compared to Brent market.  
4.3 Dynamic VaR models estimation and test 
This paper applies the GED-GARCH model to calculate the dynamic VaR of the Brent and WTI 
oil returns, because the returns have significant volatility and do not follows the normal 
distributions. There are two requirements in the determination of GARCH model. First, the 
coefficients are positive and significant. Second, the AIC value is relatively low. We test the 
GARCH(2,2), GARCH(2,1), GARCH(1,2) and GARCH(1,1) models. The GARCH(1,1) is finally 
chosen according the two requirements. As shown in table 4, GED degrees of freedom of WTI and 
Brent returns are 1.3235 and 1.3525, respectively. They are both smaller than two, which verifies 
that the returns have fat tails than standard normal distribution. 
<Table 4 is inserted around here.> 
Using the GED-GARCH model, we assess the downside and upside dynamic VaR in the two oil 
markets. The risk at 95% and 99% confidence levels are both measured. The performance of 
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GED-GARCH based dynamic VaR is shown in table 5.  
<Table 5 is inserted around here.> 
According to the table 5, the GED-GARCH model can reliably estimate the downside dynamic 
VaR of Brent and WTI oil price returns. The table 5 demonstrates that all LR values of downside 
VaR are smaller than the critical values. It reveals GED-GARCH model is reliable to assess the 
downside VaR. But most LR values of upside VaR are bigger than the critical values. So the 
GED-GARCH model fail to estimate the upside extreme risk during the sample period. However, 
both downside and upside VaR of Brent returns are statistically reliable at 99% confidence level, 
which is shown in figure 7.  
<Figure 7 is inserted around here.> 
5. Conclusions and remarks 
This study utilizes the EVT-GED-GARCH approach to measure the static and dynamic VaR in the 
WTI and Brent oil markets during the period of 1987–2014. The static VaR is estimated by three 
methods, including EVT, Variance-Covariance, and Monte Carlo. The three methods’ performance 
in VaR estimation is assessed by the LR test. Then, the dynamic VaR is estimated by 
GED-GARCH. Several conclusions can be drawn as follows. 
(1) EVT is reliable to assess the static VaR for price returns in Brent and WTI markets. 
Compared to the traditional methods (Monte Carlo and Variance-Covariance), EVT can 
estimate the VaR more accurately for oil price returns. All the LR values of EVT-VaR are 
strictly smaller than the critical values, while all the LR values of VaR using VC and MC 
approaches are larger than critical values.  
(2) Traditional approaches tend to overestimate risk at the 95% confidence level but 
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underestimate risk at the 99% confidence level. To be specific, the VaR based on the VC 
and MC are larger than EVT-VaR when the confidence level is 95%, which results in that 
failure rates of VC and MC approaches are much less than 5%. Conversely, the VaR 
based on the VC and MC approaches are less than EVT-VaR when the confidence level is 
99%. This phenomenon may be caused by the fat tails of WTI and Brent returns. 
(3) No matter for upside or downside, the VaR of WTI returns is larger than that of Brent 
returns at identical confidence levels. It demonstrates that WTI crude oil market has more 
extreme risk compared to Brent market. 
(4) The GED-GARCH model can estimate the downside dynamic VaR more accurately than 
the upside dynamic VaR for the Brent and WTI markets. This may result from the fact 
that the returns in the two oil markets have fat tails and leptokurtic distributions. 
However, there are also several limitations to our methods. With respect to future work, there 
are several aspects to be conducted further. First of all, the selection of the threshold in the EVT 
method is controversial. This study uses the Mean Excess Function to determine the threshold. 
Other methods should be developed to gain more objective and reasonable assessment. Second, 
we need to pay attention to the forecasting of future risk in oil markets. For this end, the whole 
sample period can be divided into two parts. The first sample period is applied to measure the VaR, 
and the other one is used for forecasting purposes. In addition, the GED-GARCH model fails to 
measure the upside dynamic VaR during the sample period when the confidence level is 95%, so 
some more attention can be paid to the estimation of upside dynamic VaR in oil market. 
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Table 1. Summary statistics of oil price returns in the WTI and Brent markets. 
Return Mean Standard Deviations Max Min Skewness Kurtosis JB test 
WTI 0.0146 2.4102 18.8677 -40.6396 -0.8473 16.8603 84447.65 
(0.0000) 
Brent 0.0156 2.2480 18.1297 -36.1214 -0.6771 15.7323 73329.89 
(0.0000) 
Note: The p-value is presented in the parenthesis. 
 
 
Table 2. Static VaR estimation results at the confidence level of 95%. 
Return Risk type Approach VaR Observations Failure time Failure rate LR 
WTI 
Upside 
EVT 3.47  7069 344 4.87% 0.27  
VC 3.98  7069 252 3.56% 33.92  
MC 3.99  7069 249 3.52% 36.07  
Downside 
EVT 3.61  7069 353 4.99% 0.00  
VC 3.95  7069 279 3.95% 17.74  
MC 3.93  7069 287 4.06% 14.01  
Brent 
Upside 
EVT 3.36  7069 350 4.95% 0.04  
VC 3.71  7069 256 3.62% 31.15  
MC 3.73  7069 252 3.56% 33.92  
Downside 
EVT 3.48  7069 338 4.78% 0.72  
VC 3.68  7069 293 4.14% 11.53  
MC 3.72  7069 283 4.00% 15.82  
 
 
Table 3. Static VaR estimation results at the confidence level of 99%. 
Return Risk type Approach VaR Observations Failure time Failure rate LR 
WTI 
Upside 
EVT 6.22  7069 69 0.98% 0.04  
VC 5.62  7069 90 1.27% 4.90  
MC 5.58  7069 92 1.30% 5.93  
Downside 
EVT 6.70  7069 72 1.02% 0.02  
VC 5.59  7069 120 1.70% 28.73  
MC 5.61  7069 119 1.68% 27.67  
Brent 
Upside 
EVT 5.78  7069 76 1.08% 0.39  
VC 5.24  7069 100 1.41% 10.88  
MC 5.24  7069 100 1.41% 10.88  
Downside 
EVT 5.79  7069 75 1.06% 0.26  
VC 5.21  7069 96 1.36% 8.23  
MC 5.28  7069 91 1.29% 5.40  
 
 
 
Table 4. Estimation results of GARCH models for WTI and Brent returns. 
Parameter WTI Brent 
0  0.0512 (0.0000) 0.0298 (0.0000) 
1  0.0688 (0.0000) 0.0658 (0.0000) 
1  0.9234 (0.0000) 0.9301 (0.0000) 
AIC value 4.2505 4.1227 
Log likelihood -15015.12 -14563.80 
GED degrees of freedom 1.3235 (0.0000) 1.3525 (0.0000) 
Note: The p-value is presented in the parenthesis. 
 
 
Table 5. Summary of dynamic VaR of WTI and Brent returns. 
Return 
confide
nce 
level 
Risk type Mean 
Standard 
deviation
s 
Max Min 
Failure 
time 
Failure 
rate 
LR 
WTI 
95% 
Upside 3.7072  1.6157  19.8443  1.6852  270  3.82% 22.50  
Downside -3.6190  1.6112  -1.6191  -18.6567  353  4.99% 0.00  
99% 
Upside 5.7664  2.5217  30.4351  2.6178  48  0.68% 8.29  
Downside -5.6782  2.5173  -2.5489  -28.9821  87  1.23% 3.54  
Brent 
95% 
Upside 3.4827  1.5085  18.1832  0.6375  272  3.85% 21.39  
Downside -3.3997  1.5132  -0.6242  -20.0207  374  5.29% 1.24  
99% 
Upside 5.3854  2.3420  28.4090  0.9862  58  0.82% 2.45  
Downside -5.3025  2.3468  -0.9730  -30.4084  77  1.09% 0.55  
 
 
 Figure 1. Daily spot prices and discrepancy rates of WTI and Brent crude oil. Discrepancy rate = 
100* (Brent-WTI)/WTI. 
 
 
 Figure 2. Framework of VaR estimation using the EVT-GED-GARCH integrated model. 
 
 
 Figure 3. Daily price returns of WTI and Brent crude oil. 
 
  
Figure 4. The MEF plot of WTI loss series. 
 
 
 
 
 Figure 5. The MEF plot of Brent loss series. 
 
 
 
 Figure 6. The LR values of three VaR estimation methods. 
 
 Figure 7. Performance of GED-GRACH based VaR for Brent returns at the 99% confidence level. 
 
 
 
